Introduction 20
The "Coral triangle" delineated by Malaysia, the Philippines, New Guinea, Solomon Islands, 21
East-Timor and Indonesia is recognized as a global hotspot of marine biodiversity (Allen and limiting nutrients for phytoplankton growth (nitrate and ammonium, phosphate, dissolved 27 silica and iron). Four living size-classified compartments are represented: two phytoplankton 28 groups (nanophytoplankton and diatoms) prognostically predicted in carbon (C), iron (Fe),7 silica (Si) (the latter only for diatoms) and chlorophyll content, and two zooplankton groups 1 (microzooplankton and mesozooplankton). Constant C/N/P Redfield ratios are supposed for 2 all species. While internal Fe/C and Si/C ratios of phytoplankton are modelled as a function of 3 the external availability of nutrients and thus variable, only C is prognostically modelled for 4 zooplankton. The model includes five non-living compartments: small and big particulate 5 organic carbon and semi-labile Dissolved Organic Carbon (DOC), particulate inorganic 6 carbon (CaCO 3 as calcite) and biogenic silica. PISCES also simulates Dissolved Inorganic 7
Carbon (DIC), total alkalinity (carbonate alkalinity + borate + water), and dissolved oxygen. In PISCES, external input fluxes are compensated by a loss to the sediments as particulate 27 organic matter, biogenic silica and CaCO 3 . These fluxes correspond to matter definitely lost 28 from the ocean system. The compensation of external input fluxes through output at the lower 29 boundary closes the mass balance of the model. While such equilibrium is a valid assumption 30 at the scale of the global ocean, it is not reached at regional scale. For the INDO12BIO 1 configuration, a decrease of the nutrient and carbon loss to the sediment was introduced 2 corresponding to an increase in the water column remineralization by ~4%. This slight 3 enhancement of water column remineralization leads to higher coastal chlorophyll-a 4 concentrations (about +1 mg Chl m -3 ) and enables the model to reproduce the chlorophyll-a 5 maxima observed along the coasts of Australia and East Sumatra (not shown). 6
Simulation length 7
The simulation starts on January 3 rd , 2007 and operates up to present day as the model 8 currently delivers ocean forecasts. For the present paper, we will analyse the simulation up to 9
December 31, 2014. The spin-up length depends on the biogeochemical tracer (Fig. 1) . The 10 total carbon inventory computed over the domain (defined as the sum of all solid and 11 dissolved organic and inorganic carbon fractions, yet dominated by the contribution of DIC) 12 equilibrates within several months. To the contrary, DOC, phosphate (PO 4 ) and iron (Fe) need 13 several years to stabilize (Fig. 1) . The annual mean for year 2011 is used for comparison to 14 satellite products (chlorophyll-a, net primary production). Model outputs are compared to satellite, climatological, and in-situ observations. These 21 observational data are detailed and described in this section. 
Net primary production 5
Net primary production (NPP) is at the base of the food-chain. In-situ measurements of NPP 6 are sparse and we rely on products derived from remote sensing for model evaluation. The 7 link between pigment concentration (chlorophyll-a) and carbon assimilation reflects the 8 distribution of chlorophyll-a concentrations, but also the uncertainty associated to the 9 production algorithm and the ocean colour product. At present, the community uses three 10 production models. The Vertically Generalized Production Model (VGPM) (Behrenfeld and 11 
Chlorophyll-a and NPP
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The simulation reproduces the main characteristics of the large scale distribution of 25 chlorophyll-a, a proxy of phytoplankton biomass (Fig. 4) . Pacific and Indian subtropical gyres 26 are characterized by low concentrations due to gyre-scale downwelling and hence a deeper 27 nutricline. Highest concentrations are simulated along the coasts driven by riverine nutrient 28 supply, sedimentary processes, as well as upwelling of nutrient-rich deep waters. In 29 comparison to the Case-1 ocean colour product, the model overestimates the chlorophyll-a 30 content on oligotrophic gyres and the cross-shore gradient is too weak. As a result, the mean The model reproduces the spatial distribution, as well the rates of NPP over the model domain 10 (Fig. 5) . However, as mentioned before, NPP estimates depend on the primary production 11 model (in this case, VGPM, CbPM, and Eppley) and on the ocean colour data used in the 12 production models. For a single ocean colour product (here MODIS), NPP estimates display a 13 large variability ( 
Mesozooplankton
26
Mesozooplankton links the first level of the marine food web (primary producers) to the mid-27 and, ultimately, high trophic levels. Modelled mesozooplankton biomass is compared to 28 observations in Fig. 6 . While the model reproduces the spatial distribution of 29 mesozooplankton, it overestimates biomass by a factor 2 or 3. This overestimation is likely 30 linked to the above-described overestimation of chlorophyll-a and NPP. 31
Mean seasonal cycle 1
The monsoon system drives the seasonal variability of chlorophyll-a over the area of study. 2
Northern and southern parts of the archipelago exhibit a distinct seasonal cycle (Fig. 7, 8 and  3   9 ). In the southern part, the highest chlorophyll-a concentrations occur from June to 4 September (Banda Sea and Sunda area in Fig. 8 and 9 ) due to upwelling of nutrient-rich 5 waters off Sunda Islands and in the Banda Sea triggered by alongshore south-easterly winds 6 during SE monsoon. The decrease in chlorophyll levels during NW monsoon is the 7 consequence of north-westerly winds and associated downwelling in these same areas. In the 8 northern part, high chlorophyll concentrations occur during NW monsoon (South China Sea 9 in Fig. 7 ) when moist winds from Asia cause intense precipitations. A secondary peak is 10 observed during NW monsoon in the southern part and during SE monsoon in the northern 11 part due to meteorological and oceanographic conditions described above. 12
The annual signal of chlorophyll-a in each grid point gives a synoptic view of the effect of the The temporal correlation between modelled chlorophyll-a and estimates derived from remote 26 sensing is 0.55 over the entire INDO12BIO domain, but reaches 0.78 in the South China Sea, 27 0.81 in the Banda Sea and 0.93 in the Indian Ocean (Fig. 7, 8, 9 and 11 ). These high 28 correlation coefficients are associated with low normalized standard deviations (close to 1) in 29 the Banda Sea and in the Indian Ocean (Fig. 11 ) and large amplitudes in simulated and 30 observed chlorophyll-a (Fig. 10) . Normalized standard deviations are higher in the South-East 31 China Sea, Java and Flores Seas, but also in the open ocean due to larger amplitudes in 1 simulated chlorophyll-a. The offshore spread of the high amplitude reflects the too weak 2 cross-shore gradient of simulated chlorophyll-a (Section 5.1.2), and leads to an increase of the 3 normalized standard deviation with the distance to the coast. For semi-enclosed seas, 4 however, this result has to be taken with caution as clouds cover these regions almost 50-60% 5 of the time period. 6
The model does not succeed in simulating chlorophyll-a variability in the Pacific sector (Fig.  7   10 and 11 ). This area is close to the border of the modelled domain and is influenced by the 8
OBCs derived from the global operational ocean general circulation model. Analysis of the 9 modelled circulation (Part 1) highlights the role of OBCs in maintaining realistic circulation 10 patterns in this area, which is influenced by the equatorial current system. Part 1 points, in 11 particular, to the incorrect positioning of Halmahera and Mindanao eddies in the current 12 model, which contributes to biases in simulated biogeochemical fields. 13 Finally, correlation is low close to the coasts and the temporal variability of the model is 14 lower than that of the satellite product, with normalized standard deviation < 1 (Fig. 11 ). The 15 model does not take into account seasonal variations in river discharges. Driven by the 16 monsoon system, seasonal input of river runoff is an important driver of chlorophyll-a 17 variability at local scale. 18 IOD drives the chlorophyll-a interannual variability in the Eastern Tropical Indian Ocean, 1 with a correlation coefficient of 0.74 (Fig. 9) . IOD index and anomalies of chlorophyll-a from 2 satellite give a similar correlation coefficient of 0.7. A positive phase of IOD indicates 3 negative SST anomaly in the South-Eastern Tropical Indian Ocean associated with zonal wind 4 anomaly along the equator (Meyers, 1996) . The abnormally strong coastal upwelling near the 5 Java Island stimulates a large phytoplankton bloom (Murtugudde et al., 1999) . In the Banda 6 Sea and in the South China Sea, no clear impact of ENSO or IOD is detected on the first level 7 of the food chain (Fig. 7, 8 The vertical profile of temperature compares well to the data in the Halmahera Sea (Fig. 12) . Despite the bias highlighted for Halmahera Sea station, an overall satisfying correspondence 8 between modelled and observed profiles is found at the Banda Sea (Fig. 13) and Ombaï Strait 9 stations (Fig. 14) . 
Interannual variability 19
